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Agriculture BMPThe use of river basin modelling to guide mitigation of non-point source pollution of wetlands, estuaries and
coastal waters has become widespread. To assess and simulate the impacts of alternate land use or climate sce-
narios on river washload requires modelling techniques that represent sediment sources and transport at the
time scales of system response. Building on the mean-annual SedNet model, we propose a new D-SedNet
model which constructs daily budgets of ﬁne sediment sources, transport and deposition for each link in a
river network. Erosion rates (hillslope, gully and streambank erosion) and ﬁne sediment sinks (ﬂoodplains
and reservoirs) are disaggregated from mean annual rates based on daily rainfall and runoff. The model is
evaluated in the Burdekin basin in tropical Australia, where policy targets have been set for reducing sediment
and nutrient loads to the Great Barrier Reef (GBR) lagoon from grazing and cropping land. D-SedNet predicted
annual loads with similar performance to that of a sediment rating curve calibrated to monitored suspended
sediment concentrations. Relative to a 22-year reference load time series at the basin outlet derived from a
dynamic general additive model based on monitoring data, D-SedNet had a median absolute error of 68%
compared with 112% for the rating curve. RMS error was slightly higher for D-SedNet than for the rating
curve due to large relative errors on small loads in several drought years. This accuracy is similar to existing ag-
ricultural system models used in arable or humid environments. Predicted river loads were sensitive to ground
vegetation cover. We conclude that the river network sediment budget model provides some capacity for
predicting load time-series independent of monitoring data in ungauged basins, and for evaluating the impact
of land management on river sediment load time-series, which is challenging across large regions in data-poor
environments.
Crown Copyright © 2013 Published by Elsevier B.V.Open access under CC BY license.61 2 6246 5800.
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River basin sediment transport models have become a standard
component of frameworks providing the technical underpinning to
policy programs aimed at reducing pollution of freshwater and coastal
ecosystems. Such frameworks rely on modelling of ﬁne or suspended
sediment and associated nutrient ﬂuxes to overcome the spatial
and temporal limitations of ﬂux monitoring programs, to evaluate.
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manding timelines of policy programs (Collins and McGonigle, 2008).
Sediment ﬂux modelling is also used to identify source areas and trans-
port within catchments or watersheds (Schwarz et al., 2006), to allow
targeting of limited resources (Lu et al., 2004), to simulate historical
and future scenarios of land management impact on sources (Arnold
and Fohrer, 2005; Collins et al., 2009), and to route material to predict
pollutant loading on receiving waters. The latter is frequently speciﬁed
in terms of mean-annual loads for a given set of land management
conditions. As receivingwater eutrophication becomesmore commonly
represented using deterministic spatial models (e.g., Cerco and Cole,
1993), river basin models are also required to predict river load time-
series so that the results can be input to assessments of pollutant impact
on aquatic ecosystem condition. Representing the temporal patterns of
delivery is particularly important for understanding andmanaging eco-
system impacts in large water bodies where hydrodynamic and biogeo-
chemical processes result in spatial and temporal variations in the
impact of pollutant delivery (Webster and Harris, 2004). Considering
the limited data available over large river basins, providing the predic-
tive capacity to fulﬁl the modelling scope of predicting spatial and tem-
poral patterns in sedimentﬂux, and landmanagement impacts, requires
a model well-suited to the purpose. The suitability of existing river
basin models of sediment loads resulting from land management, for
predicting load time-series must be carefully examined, relative to sta-
tistical models of river load.
The numerous existing models of river basin sediment sources and
delivery cover a range of objectives, complexity and data requirements
(Aksoy and Kavvas, 2005; Walling et al., 2011). This in part reﬂects
efforts to optimise model design to suit the range of modelling pur-
poses, and to maximise predictive capacity given the data and process
understanding available, while retaining model parsimony so that pa-
rameters can be logically deﬁned (Beck, 1987). Many of the long-term
or continuous-simulation models focus either on land use impacts and
spatial patterns, or on temporal patterns (Box A vs. Box C; Fig. 1). Pro-
cess models which predict time-series are more suited for investigating
the impact of terrestrial pollutant losses on aquatic ecosystems than
time-integrated models (Box A vs. Box B; Fig. 1). Both process-based
time-steppingmodels, and data-based empirical models calibrated to
measured concentrations (Box C) can predict sediment ﬂuxes andLanduse impacts on
mean-annual load
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Fig. 1. The suitability of suspended sediment ﬂux models is shown for a range of modelling pu
with similar characteristics. NSPECT is the Nonpoint-Source Pollution and Erosion Comparison
2001). Mean-annual SedNet is the Sediment budget river Networkmodel (Prosser et al., 2001a,b
attributes model (Schwarz et al., 2006). E2 models sediment loads using land use concentratio
2005). AnnAGNPS is the continuous simulation version of AGNPS (Young et al., 1989). LRE is th
et al., 2012). A rating curve is a regression ofmeasured TSS concentration againstmeasured disch
and discharge measurements. The attributes and performance of D-SedNet relative to other mecologically-relevant time-scales, but only the former commonly repre-
sents land use effects and spatial patternswithin river basins. A process-
based model is also essential for estimating water quality under future
land management scenarios. A time-stepping model also produces re-
sults that can be directly compared against short monitoring records
where they exist, which provides some constraints on model predic-
tions, and helps elucidate catchment behaviour. Of data-derived
models, linear interpolation of observed total suspended solids (TSS)
concentrations (Box C) has the most intense data requirement but the
least predictive capacity.
The sediment budget is the deﬁning concept for modelling all major
sources and delivery of sediment at a basin scale (Trimble, 1993).
In some northern hemisphere agricultural systems, surface erosion
dominates sediment sources (Walling and Collins, 2005) and the effec-
tiveness of best management practices (BMPs) is well represented
in existing models (e.g., Zhang and Zhang, 2012). However, gully and
streambank erosion can also be important sources at basin scale
(Prosser et al., 2001b). Many sediment models omit these processes
while providing in-depth treatment of surface erosion (de Vente and
Poesen, 2005), which can jeopardise remediation priorities (Boomer
et al., 2008). The environmental and land management drivers of
sources and sinks can provide powerful constraints on predictions of
sediment loads away from monitoring stations provided they are ap-
propriately conceptualised. Representing the spatial patterns in sedi-
ment sources is key to effectively reducing losses of ﬁne sediment
from agricultural watersheds, as it is for reducing phosphorus losses
(Gburek and Sharpley, 1998). Sediment sinks such as deposition in
reservoirs and ﬂoodplains are also important since they can have large
impacts on sediment delivery through stream networks (Prosser et al.,
2001b; Trimble, 1993). For example, while accelerated sediment loads
causes severe pollution impacts in some coastal waters, the net effect
of human activity has been an overall decline in sediment yield to the
global ocean, with accelerated erosion being outweighed by sediment
trapping within reservoir impoundments (Syvitski and Kettner, 2011;
Walling, 2008).
The mean-annual SedNet sediment budget model (Box A; Fig. 1),
has been applied to identify river basin sediment sources across the
large area (N420,000 km2) draining to the Great Barrier Reef (GBR;
McKergow et al., 2005b), and to assess the relative effectiveness ofLoad dynamics
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rposes (x-axis) and the sediment monitoring data available (y-axis). Boxes group models
Tool (Eslinger et al., 2012). SEDEM is the SEdiment DElivery Model (Van Rompaey et al.,
;Wilkinson et al., 2009). SPARROW is the SPAtially Referenced RegressionsOnWatershed
ns (Argent et al., 2009). SWAT is the Soil and Water Assessment Tool (Arnold and Fohrer,
e Loads Regression Estimator, a generalised additive model of river station load (Kuhnert
arge (Asselman, 2000). Linear interpolation is temporally between available concentration
odels are assessed in the Discussion.
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component of total phosphorus and total nitrogen is also delivered to
the GBR attached to ﬁne sediment (Kroon et al., 2012). However, this
mean-annual model does not estimate load time-series for input to
hydrodynamic and biogeochemical models of receiving waters. Time-
series are important for understanding ecosystem impacts such as
Crown-of-thorns starﬁsh (COTS) outbreaks on the GBR, which are trig-
gered by elevated river pollutant loads in large ﬂood events and are a
major cause of declining coral cover (De'ath et al., in press).
In this paper we describe a major variation of the SedNet model
called dynamic SedNet, abbreviated to D-SedNet. The model imple-
ments semi-distributed ﬁne sediment and associated nutrient budgets
that include the same source and sink processes as the mean-annual
SedNet model, but these are now calculated at daily time-step using a
conceptual rainfall-runoff model. We demonstrate the model in the
130,000 km2 Burdekin basin. Accuracy of the predicted ﬁne sediment
load time-series is evaluated at annual and daily timescales relative to
load estimates derived using a generalised additive model from a mon-
itoring dataset which is comprehensive by Australian standards. By ex-
plicitly representing the sediment supply and deposition processes in
each time-step, the D-SedNet model contains more parameters than
the mean-annual SedNet model. The beneﬁt or otherwise of this in-
crease inmodel complexity for predicting load time-series was evaluat-
ed relative to a simpler steady-state gross behaviour model of river
loads, being a sediment rating curve model calibrated to observed con-
centration and discharge data.
2. Model development
2.1. The sub-catchment sediment budget
The SedNet (Sediment budget river Network)model simulates spatial
patterns in the primary erosion and deposition processes in large catch-
ments using data on terrain, soils, vegetation cover, runoff, ﬂoodplains
and reservoirs. The sediment sources represented are hillslope, gully
and streambank erosion (Prosser et al., 2001a; Wilkinson et al., 2004;
2009), which are the important sources in rural Australian basins
(Prosser et al., 2001b; Wallbrink et al., 1998), and elsewhere (Walling,
2005). Reservoir impoundments and ﬂoodplains are the sediment sinks
represented (Wilkinson et al., 2009). A separate ﬁne (i.e., washload or
suspended) sediment budget is constructed for each sub-catchment (wa-
tershed) in a river basin, each deﬁned from a hydrologically-correct digi-
tal elevationmodel (DEM) as the area draining to a stream link extending
between tributary junctions. The major distinguishing features of a
spatially-disaggregated sediment budget model over individual erosion
process models, or spatially-lumped sediment budgets, are to represent
the total supply, and also the delivery connectivity between sediment
sources and downstream water bodies. These aspects allow predictiondep
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Fig. 2. D-SedNet daily suspended sediment budget constructed for
Adapted fromWilkinson et al. (2009).of spatial variations in sediment supply and transport (Wilkinson et al.,
2009), and in the sub-catchment contributions to downstream ﬂuxes
(Lu et al., 2004), which are both unique to each river basin.
The D-SedNet model inherits the ﬁne sediment budget terms
and spatial framework from the original mean-annual SedNet model,
but calculates separate budgets for each day (Fig. 2). In developing the
D-SedNet model we sought to retain the quality of spatial patterns in
long-term mean TSS loads predicted by SedNet (Wilkinson, 2008;
Wilkinson et al., 2009). Consequently, D-SedNet predicts daily erosion
rates by disaggregating the long-term erosion rates using functions of
simulated daily rainfall and runoff, as described below. We here deﬁne
suspended sediment as material ﬁner than 63 μm, although a different
threshold could be applied if supported by local data. Mean-annual
SedNet also constructs separate material budgets for sand and gravel
bed material (Wilkinson et al., 2006), and particulate-attached and
dissolved nitrogen and phosphorus species (McKergow et al., 2005a);
D-SedNet also models these constituents but here we focus on the ﬁne
sediment budget.
While the sediment budget modelling approach is applicable to all
river networks, the sources and sinks included here, and the algorithms
representing their spatial and temporal variation, have been designed
having in mind large Australian river basins with predominantly agri-
cultural landuses and limited data on erosion processes. Where local
understanding of the sediment budget composition and the data avail-
able to parameterise source and sink models differs from this perspec-
tive, the model can be modiﬁed. Snow-covered or landslide-prone
mountain environments would require different process representa-
tions, for example.
D-SedNet has been implemented within the Source Catchments in-
tegrated modelling system (Welsh et al., 2012). This system represents
a further development of the E2 node-linkmodelling system previously
developed tomodel routing and transformation ofﬂowand constituents
in streams, water storage and use, and landuse differences in sediment
loss (Argent et al., 2009).
2.2. Runoff
The Source integrated modelling system uses Functional Units
(FUs) to represent differences in hydrological responses between land
uses. Although FUs are deﬁned using spatially-explicit land use data,
spatial interactions between FUs within each sub-catchment, including
groundwater ﬂows, are not represented. D-SedNet uses the SIMHYD
conceptual water balance model (Chiew et al., 2002) to predict a daily
runoff time-series for each FU in each sub-catchment, which then is ac-
cumulated to predict daily ﬂow, or discharge, in each stream link. The
inputs are grids of daily rainfall and potential evapotranspiration
(Jeffrey et al., 2001). SIMHYD uses 6 parameters which conceptualise
the effect of interception, soil moisture and groundwater stores onDownstream
yield (t d-1)
Reservoir
osition (t d-1)
ly Streambank
supply (t d-1)
each stream link. HSDR is the hillslope sediment delivery ratio.
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transpiration losses are limited by the input potential value and the
interception store. The model parameters are calibrated to minimise a
user-deﬁned objective function representing the discrepancy between
predicted and measured monthly and long-term runoff at multiple
unregulated stream gauging stations across the river basin, using the
Parameter Estimation Simulation Tool (PEST; Doherty, 2009). The accu-
mulated unregulated stream ﬂow is then modiﬁed by the modeller
to include water transmission losses and human extractions as daily
time-series for relevant streamnodes, based on available administrative
and stream-gauge records.
The modelled runoff including losses and extractions is applied in
D-SedNet in two stages. Firstly, a long-term historical time-series
(N20 years) is simulated to determine (i) the mean-daily runoff from
each FU in each sub-catchment, (ii) themean-daily ﬂow in each stream
link, and (iii) the bankfull ﬂow in each stream link. The latter is deﬁned
based on local observations, as a ﬂowwith speciﬁed recurrence interval
usually of the order of several years. Secondly, these long-term statis-
tics are used in subsequent modelling of speciﬁed scenarios to, respec-
tively, calibrate disaggregation functions that distribute long-term
sediment supply from (i) gully and (ii) bank erosion into daily time-
series, and (iii) specify the threshold for ﬂoodplain inundation and
associated sediment deposition.
2.3. Hillslope sediment supply
The ﬁne sediment supplied from hillslopes in the ith FU to the
stream network is the product of gross erosion rate (Ei, t ha−1 d−1),
FU area (Ai, ha) and a hillslope sediment delivery ratio HSDRi. Hillslope
supply from each subcatchment Hx (t d−1) is then the sum of the con-
tributions from all n FUs in the subcatchment:
Hx ¼
Xn
i¼1
EiAiHSDRi: ð1Þ
Gross daily hillslope erosion in each FU (Ei) is estimated using the
Modiﬁed Universal Soil Loss Equation (MUSLE; Williams and Berndt,
1977):
Ei ¼ RKLSCP: ð2Þ
where the right hand side factors represent rainfall erosivity (R; units
MJ mm ha−1 h−1 day−1), soil erodability (K; units t ha h ha−1 MJ−1
mm−1), slope length and gradient (L, S), vegetation cover (C) and
erosion control practices (P) such as crop terracing. The R factor is esti-
mated as a function of daily rainfall calibrated to data from themodelled
region (e.g., Richardson et al., 1983), and the K, L, S and P factors are
prepared as spatial datasets from, respectively, soil property maps, a
digital elevation model, and agricultural practice data, using standard
Universal Soil Loss Equation formulae (Renard et al., 1997). In rangeland
areas, the C factor is estimated using a time-series of ground vegetation
cover derived from remote sensing, such as LandSat TM imagery
(Williams et al., 2006). Alternatively, D-SedNet allows the C factor, or
Ei, to be input directly from external one-dimensional water balance
and plant-growth models, to enable more detailed representation of
cropping practices. Due to the lagged response of vegetation cover to
rainfall, Ei can be expected to display poorer correlation with daily rain-
fall than other sediment sources.
The HSDR represents deposition on hillslopes, which results in ﬁne
sediment loss to streams being a small fraction of gross erosion. It is de-
ﬁned by themodel user as a ratio [0…1] that can be uniform or variable
in space and time, based on comparison between measured sediment
loss rates and modelled Ei (Wilkinson et al., 2009). Representing sedi-
ment sources and sinks within the stream network separately from
HSDR in D-SedNet avoids use of a catchment-lumped delivery ratio,
which can be problematic to deﬁne (Parsons et al., 2006; Walling,1983). We do not advocate a particular HSDR algorithm. Delivery of
sediment from hillslopes to streams is limited by the transport capacity
of runoff (Van Rompaey et al., 2001), and generally decreases with in-
creasing particle size, soil inﬁltration capacity and increasing runoff
transit time (Lu et al., 2006). However, the most appropriate approach
to specifying HSDR in a given basin will depend on the data available
to constrain estimates (Verstraeten et al., 2007; Vigiak et al., 2012).
2.4. Gully sediment supply
Gully erosion represents ongoing incision and enlargement of
hillslope drainage lines and streams which have smaller contributing
areas than the upstream extent of the model stream network. It
also represents erosion of ‘badland’ areas of deep soil or alluvium
(e.g., Brooks et al., 2009). Such erosion processes are usually caused by
land use intensiﬁcation. For example, the introduction of European
livestock grazing practices to Australia in 1860–1900 initiated a phase
of widespread tributary incision and gully network extension which is
on-going in many areas (Eyles, 1977; Shellberg et al., 2010). Following
Wilkinson et al. (2009), we constrain spatial variations in the estimated
rate of gully sediment supply using present-day gully volume. An
input map of the current areal density of gullies (gully length per unit
area), derived from air photography and/or spatial modelling, is used
to represent the inﬂuences of spatial variations in land use, and envi-
ronmental variables including soil erodibility and vegetation, on gully
sediment supply from each FU. Complete delivery of gully sediment
to the stream network is assumed. Gully ﬁne sediment supply (t d−1)
is thus estimated as:
Gx ¼
1
365
pGρGaGLG f GMG
t
fRO ð3Þ
where:
• pG is the proportion of suspended sediment in gully soil which is spa-
tially variable and represented by the sum of the silt and clay propor-
tions of subsoil by weight.
• ρG is the dry bulk density of gully subsoil (t/m3).
• aG is the contemporary gully cross section area (m2).
• LG is the contemporary gully length, being the product of FU mean
gully density (km per km2) by FU area (km2). The gully density grid
can alternatively be provided in units of km2 per km2, in which case
aG represents mean gully depth (m).
• t is themean age of the gully network (years), estimated based on the
historical timing of land use intensiﬁcation.
• fG is a user-speciﬁed uniform factor which can be used to modify the
gully sediment supply in the modelling period, relative to the long-
term average over the entire life of the gully features. For example
in regions where gullies are now mature and less active, fG b 1
(Wilkinson et al., 2004, 2009).
• Μg describes the rate of gully activity in future management scenarios
as a proportion of historical rates, associated with gully management
practices, such as contour banks, check-dams, or revegetation of
gullied areas.
• fRO is a dimensionless disaggregation function which distributes the
mean-annual SedNet gully ﬁne sediment supply across the daily run-
off time-series:
f RO ¼
1
1
n
X
RObLT
0
B@
1
CAROb ð4Þ
where: RO is the daily FU runoff in the historical or scenariomodel run
(mm); ROLT is the daily FU runoff in a long-termhistorical runoff time-
series, which is not recalculated in later model scenarios; b can be
manually set by the user to ﬁt available data on the historical daily
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(i.e., a sediment rating curve); n is the number of days in a long-
term historical record of QLT. By deﬁnition the mean value of fRO
over the long term historical record is 1, being 0 during dry weather
and N1 during runoff events.
This empirical approach to estimating temporal patterns in sedi-
ment supply from gully erosion based on variations in runoff is appro-
priate given that there are no robust time-stepping models of gully
sediment supply which can be applied at basin scale (Valentin et al.,
2005). Process-based approaches would require knowledge of parame-
ters not locally available including channel dimensions and ﬂow veloc-
ities (e.g., Collins et al., 2009). A direct relationship between gully ﬁne
sediment supply and runoff implies a direct relationship between con-
centration and runoff, with b = 1 implying that concentration is inde-
pendent of event size. Such behaviour is no more common than
random variation of concentration with runoff, or than higher concen-
trations on the event rising limb (Nistor and Church, 2005). However,
the objective of D-SedNet is to predict variations between events at
basin scale, for which sediment load from gullied catchments generally
increases with runoff volume (Nistor and Church, 2005; Fig. 5). This is
supported by daily sediment yield data from small gullied catchment
in northeast Australia, which shows a strong dependence on daily run-
off, particularly when ground vegetation cover is high and hillslope ero-
sion rates can be expected to be modest (data not shown). The model
does not aim to representwithin-event processes in ﬁrst-order streams,
which in any case generally occur at sub-daily time periods.
2.5. Streambank sediment supply
Streambank erosion is modelled along the model stream network,
while channel erosion upstream of the network is represented by
gully erosion. Thus, the threshold catchment area used to deﬁne the
upper limit of the stream network should include all streams having
signiﬁcant streambank erosion that are not represented in the gully
density grid. The suspended sediment supply from streambank erosion
along a link (t/day) is derived by multiplying the mean-annual SedNet
function of stream power and bank erodibility (Wilkinson et al.,
2009), by a disaggregation function fQ based on daily stream ﬂow:
Bf ¼
1
365
pfρshLl kρwgSlQbf
 
Ei f Q : ð5Þ
The bracketed terms collectively represent lateral retreat rate (mper
year) for “active” non-vegetated erodible banks, the terms to the left of
the brackets convert retreat rate into mean-annual mass (t/year), and
the terms to the right of the brackets adjust retreat rate considering
bank erodibility and daily runoff. The individual terms are k = bank
erosion calibration coefﬁcient adjusted so that the predicted long-
term rates of bank retreat are realistic and agreewith available observa-
tions (Wilkinson et al., 2009), with previous Australian SedNet studies
employing values in the range 0.00001–0.0001; ρw = density of
water (1000 kg m−3); g = acceleration due to gravity (9.81 m/s2);
Sl = link stream bed slope (dimensionless); Qbf = bankfull discharge
being a discharge of deﬁned recurrence interval (m3/s); pB = propor-
tion of ﬁne sediment in bank subsoil; ρB = streambank subsoil dry
bulk density (t/m3); h = bank height; Ll = link length (m); and Ei is
the mean erodibility Ei of the i pixels in the riparian area, which is de-
ﬁned as a polygon buffer surrounding each link. The erodibility of each
pixel is calculated as a function of RipVeg, being a grid [0…1] usually de-
rived from remote sensing, representing the effectiveness of riparian
vegetation in reducing streambank erosion, which is capped at a user-
speciﬁed MaxVegEffectiveness, and also the erodibility of the bank soil
SoilErod [grid of 0 or 1]:
Ei ¼ 1−min RipVeg; MaxVegEffectivenessð Þ½   SoilErod: ð6ÞRipVeg is assumed to be 1.0 for intact natural riparian vegetation.
Values less than 1.0 may be applied to areas of partly degraded riparian
vegetation, or for banks which have been recently revegetated and the
vegetation is expected to be less effective in reducing streambank erosion.
The MaxVegEffectiveness parameter recognises that even fully-vegetated
riparian zones experience some streambank erosion (Wilkinson et al.,
2009). The daily stream ﬂow disaggregation factor fQ is calculated by
substituting link daily stream ﬂow QL for sub-catchment runoff RO in
(4). Sediment supply fromchannel beddegradation is representedwithin
themapped gully network, and is not represented throughout the stream
network, where bed elevation is generally constrained by bedrock expo-
sure (Wilkinson et al., 2006).
2.6. Floodplain deposition
Themass of ﬁne sediment deposited on ﬂoodplains adjacent to a link
is estimated as a proportion of the incoming load, based on the propor-
tion of discharge ﬂooding overbank and the likelihood of settling on
the ﬂoodplain considering particle size and ﬂoodplain residence time
(Prosser et al., 2001b):
Ff ¼ I f Q f =QL
 
1−e− νpA f =Q fð Þ
 
ð7Þ
where: If = total suspended (ﬁne) sediment supply to the link (t d−1);
Af = ﬂoodplain area (m2), calculated from an input grid of values 0, and
1 for ﬂoodplains; vp = particle settling velocity for ﬂoodplain deposi-
tion (m s−1) based on Stokes Law applied to a mean particle size
(Gerhart and Gross, 1985), which can be speciﬁed considering particle
size analysis of suspended sediment and ﬂoodplain deposition rates in
recent decades; and Qf/QL is the proportion of daily stream link ﬂow
QL above bankfull ﬂow Qbf for each time-step:
Q f
QL
¼ QL−Qbf
QL
if QL NQbf
Q f
QL
¼ 0 if QL≤Qbf
: ð8Þ
2.7. Reservoir deposition
Deposition of ﬁne sediment in each reservoir or impoundment in
each day (Ti) is calculated as a percentage of supplied ﬁne sediment,
based on the Churchill equation (Churchill, 1948; Espinosa-Villegas
and Schnoor, 2009), modiﬁed to calculate percentage daily trapping
efﬁciency according to Lewis et al. (2013; see also the supporting
information):
Ti ¼ 112−800
Cap2
3:28 LenQi2
 !−0:2
: ð9Þ
The input variables are as follows: Cap (m3) is the reservoir capacity;
Len (m) is the longest impounded length from the wall at full capacity;
and Qi (m3/s) is daily outﬂow on the ith day of the model time
series. The numeric parameters include unit conversions from the
original formulation. The numeric parameters could potentially be
locally calibrated to match reservoir trapping data, although we have
not done so. The temporal variations of Ti depend on daily outﬂow,
and so are sensitive to dam operation and can be out of phase of
daily rainfall. Material not trapped is passed in the daily outﬂow.
Remobilisation of trapped material is not explicitly considered. All ﬁne
sediment delivered to natural lakes is deposited within the lakes, on
the basis that in the Australian environment these features overﬂow
rarely.
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3.1. Evaluation method
The capacity of D-SedNet to predict annual and daily load time-
series was evaluated using independent reference load estimates
derived from TSS monitoring (Section 3.4). Given that the purpose of
this study was to develop a dynamic variation of the steady-state
mean-annual SedNet model, the D-SedNet annual and daily ﬁne sedi-
ment loads were also evaluated relative to loads disaggregated from
mean-annual SedNet using a steady-state rating curve, to test whether
D-SedNet better represents observed dynamics. This involved ﬁtting a
rating curve to observed TSS and discharge data using least-squares re-
gression. Observational TSS concentrations and instantaneous discharge
data were log-transformed to address skew, prior to ﬁtting. A linear re-
gression was applied in preference to loess or moving average curves,
since regression curves are better constrained at and beyond the ex-
tremes of the monitored range of discharge (Rustomji and Wilkinson,
2008). So that the rating curve loads contained the same bias as
the mean-annual load predicted by D-SedNet, the rating curve loads
were multiplied by the ratio of mean-annual D-SedNet load divided by
mean-annual rating curve load, to produce scaled rating curve load
and concentration estimates. D-SedNet evaluated concentrations were
calculated usingD-SedNetﬂow to retain independence fromgauge data.
D-SedNet was compared against the reference (Section 3.4) and
scaled rating curve load and concentration estimates in each time-step
in terms of relative error (RE, %):
REi ¼
Ypredi −Y
obs
i
Yobsi
 100 ð10Þ
where Yiobs and Yipred are the reference (observed) and predicted ﬁne
sediment yields (loads) in the ith timestep, respectively. An unbiased
metric was also used for large relative errors in the load, being the
ratio of predicted to observed load, for which zero bias = 1, ten times
over prediction = 10 and 10 times under prediction = 0.1:
Model=LRE ¼ Y
pred
i
Yobsi
: ð11Þ
The absolute relative error in each time-step (AREi, %)wasdeﬁned as:
AREi ¼ 10 log10 Y
pred
ið Þ− log10 Yobsið Þj j−1
 
 100: ð12Þ
AREi is zero for perfect prediction and 100% for errors of magnitude
equal to the smaller of the observed and predicted values. Across the
modelling period the mean model bias was expressed as a percentage
of the mean observed value, and values were log-transformed so that
the distribution of model residuals was normal (Eq. (13)):
Bias ¼
Xn
i¼1 log10 Y
pred
i
 
− log10 Y
obs
i
 h i
Xn
i¼1 log10 Y
obs
i
 h i
8<
:
9=
; 100: ð13Þ
The overall mean square absolute error (percentage) was deﬁned
using the mean-square analog of AREi:
RMSE ¼ 10
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
i¼1 log10 Y
pred
i
 
− log10 Y
obs
i
 h i2r
−1
8><
>:
9>=
>; 100: ð14Þ
Model error is useful but does not relate that error to the amount
of variation between the observations. The model efﬁciency (NSE) at
predicting the variation between the observations was evaluatedusing a coefﬁcient (reported as percent) deﬁned by Nash and Sutcliffe
(1970). When required to retain normality in the distribution of errors,
values were log-transformed as stated.
3.2. Case study description
The D-SedNet model was evaluated in the Burdekin River basin
which drains to the GBR lagoon on the northeast Australian coast
(Fig. 3). Terrigenous ﬁne sediments and nutrients from large, predomi-
nantly rangeland catchments, are having detrimental effects on GBR
coral communities (De'ath and Fabricius, 2010). Modelling is required
to estimate the sediment ﬂux delivered from the 35 rivers draining to
the GBR lagoon, because pollutant monitoring is sparse in space and
time, and only ~50% of the mean-annual TSS load passes stream gauge
stations which have sufﬁcient TSS monitoring to adequately calibrate
statistical load models (Kroon et al., 2012). There is also a need to eval-
uate the efﬁcacy of N$200 Mof government investment in improved ag-
ricultural management practices (Commonwealth of Australia, 2008).
The Burdekin basin has an area of 130,000 km2, and delivers approx-
imately one quarter of the mean-annual ﬁne sediment load to the GBR
lagoon (Kroon et al., 2012). Grazing land use (predominantly cattle on
native pastures) occupies 95% of the basin area. Persistent ground
cover estimates derived from Landsat imagery is b40% in some parts
of the basin, and most of the basin has b20% foliage projected (tree)
cover (Karfs et al., 2009). Ground cover is considerably reduced by
grazing pressure (Bastin et al., 2012). Mean daily maximum and mini-
mum temperatures are 30 and 18°C, respectively. Mean-annual rainfall
ranges from N1000 mm on the coastal range to 600 mm inland of the
range and 500 mm on the inland basin boundary (Wilkinson et al., in
press). Rainfall is highly seasonal with more than 70% occurring during
summer (December–February). Runoff variability is high in Australian
and world terms (Petheram et al., 2008), and most of the stream net-
work ﬂows only during summer. The Burdekin Falls Dam is located in
the centre of the catchment and traps 50–85% of annual sediment load
from upstream (Lewis et al., 2013).
3.3. Model parameterisation
The Burdekin basin D-SedNet stream network was deﬁned from a
100 m interpolated DEM (Smith and Brough, 2006). Considering com-
putational efﬁciency and the catchment areas for which gully erosion
could be mapped, an area threshold for ﬁrst-order river links of
50 km2 was applied, resulting in 1451 sub-catchments of mean area
90 km2. The modelling period was deﬁned by the available data for
C-factor, being 22 water years from 1 October 1987 to 30 September
2009. The data sources and parameter values applied in the Burdekin
basin sediment budget model are listed in Table 1. The SIMHYD runoff
model was calibrated across 35 gauges (see Fig. 3) using the Parameter
Estimation Simulation Tool (PEST; Doherty, 2009), and objective func-
tions based on monthly and long-term runoff (McCloskey et al., 2011).
The HSDR (Table 1) was set larger than that observed in southeast
Australia (Edwards, 1988), since rainfall is relatively more intense in
the Burdekin basin. It was assumed proportional to the ﬁne proportion
of A-horizon soil, since only the ﬁne fraction of eroded soil contributed
to the sediment budget.
3.4. Reference load estimates for model evaluation
The evaluation of model ﬁne sediment load predictions was based
on the monitored discharge at the Clare weir gauge, and the TSS moni-
toring record from the Inkerman historical gauge site 120001A, which is
30 km downstream of Inkerman (Fig. 3). These sites have the same
nominal catchment area of 129,900 km2, and they were not included
in the gauge set used to calibrate the runoff model. At Inkerman there
were a total of 662 TSS observations over 522 separate days within
the modelling period. Within that period, eleven water years and 13
100
Kilometres
Townsville
Inkerman
Clare
Great Barrier
Reef
Streams upstream area km²
Burdekin Falls reservoir
Runoff gauges
50 - 8000
> 8000
Evaluation gauges
Fig. 3. Shaded relief of the model area including the Burdekin River and adjacent coastal basins, based on the 90 m Shuttle Radar Topographic Mission. The D-SedNet stream network is
shown, and the Inkerman/Clare stream gauges fromwhichwater quality monitoring data was used inmodel evaluation. Townsville is the nearest city. The inset shows the location of the
basin and the Great Barrier Reef in Australia.
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from 1 October to 30 September. The maximum daily discharge for
which TSS observation existed (1,486,271 ML/d) was of approximately
10 year recurrence interval on the annual maximum series. Over the
modellingperiod,mean annual runoffwas 73 mm a−1.While TSSmon-
itoring data were also available at several other stream gauges within
the basin, those TSS monitoring records were generally b 5 years and
with few samples per year and so deemed insufﬁcient to evaluate tem-
poral patterns of TSS delivery.
The Loads Regression Estimator (LRE) was used to derive reference
annual and daily time-series of load and ﬂow-weighted concentrations
from the available TSS concentration data. The LRE is a generalised addi-
tive model which predicts daily sediment concentrations and loads
based on instantaneous stream discharge and antecedent conditions
including recent discharge, seasonal variations, and catchment vegeta-
tion cover (Kuhnert et al., 2012). LRE outputs for the Burdekin River
at Inkerman were available from this previous study. LRE produces a
distribution of load estimates for each time period, representing the
uncertainty in concentration variations through time. At Inkerman,
the coefﬁcient of variation (CV) of annual load estimates within each
year had a mean value of 34%, with the width of 80th percentile conﬁ-
dence intervals being on average 91% of the best estimate of annualload (Kuhnert et al., 2012). The LRE loads have been compared against
those resulting from linear interpolation of concentrations between
sample points, and the linear-interpolation loads were within the LRE
80th percentile conﬁdence intervals in 10 of the 11 yearswhichhad suf-
ﬁcient TSS data to apply linear interpolation (Kuhnert et al., 2012). We
also display these linear interpolation data in our results to support
the LRE estimates. However, the LREmethod provides improved predic-
tive power by accounting for ﬂow bias in TSS monitoring, and by using
additional variables to explain temporal variations in concentration
(Kuhnert et al., 2012). Further, LRE provides a monitoring-based load
estimate for all 22 years of the modelling period. The LRE daily concen-
trations were also compared against measured TSS concentrations.
TSS observations potentially differ from the deﬁnition of ﬁne sedi-
ment used in D-SedNet in twoways; ﬁrstly TSSmonitoringmay include
particles coarser than silt and clay, however this is not a signiﬁcant
problem in the lower Burdekin River where sand comprises b10% of
TSS samples by weight (Belperio, 1979). Secondly, TSS monitoring gen-
erally occurs at only one point in the ﬂow cross section. Measurements
show that silt and clay are well mixed across the cross section and
through the depth proﬁle of the lower Burdekin River, and that the sur-
face TSS concentrations are representative of the entire cross section
(Amos et al., 2004; Belperio, 1979).
Table 1
D-SedNet data sources and parameter values in the Burdekin basin.
Parameter Eq. Value Basis
HSDR (hill sed. deliv. ratio) (1) S 0.5 × pf of A-horizon (mean HSDR = 0.18)
R (rainfall erosivity factor) (2) S, Ta Daily rainfall and time of year (Yu, 1998)
K (soil erodability factor) (2) S Modelled from soil surveys (Brough et al., 2006)
L, S (slope length, gradient) (2) S 100 m interpolated DEM (Smith and Brough, 2006)
C (cover factor) (2) S, T Outside of cropping areas Cwas calculated from annual dry-season cover grids (Karfs et al., 2009),
and tables provided in Rosewell (1993). In cropping FUs HillEroswas input from MUSLE modules
within external one-dimensional water balance and plant growth models, being HowLeaky
Version 5 (McClymont et al., 2007) for dryland cropping and APSIM (McCown et al., 1996) for
irrigated cropping.
P (practice factor) (2) 1 The effects of practice were incorporated within Cwhere known
pf (proportion ﬁne) (3), (5) S, mean ~0.4 Modelled from soil surveys (Brough et al., 2006)
ρs (soil bulk density) (3) S Modelled from soil surveys (Brough et al., 2006)
aG (gully cross section) (3) 10 (Wilkinson et al., 2009)
LG (gully length) (3) S Modelled from available mapping (Kuhnert et al., 2010)
t (gully age) (3) 140 Livestock introduced 1850–1870 (Lewis et al., 2007)
fG (runoff factor) (3) 1 No available data on gully maturity
Mg (Management factor) (3) 1 Appropriate for modelling historical loads
b (runoff exponent) (4), (6) 1.4 Sediment transport capacity data (Prosser and Rustomji, 2000)
k (bank erosion coeff.) (5) 0.00002 Measured bank erosion rates in the basin (Bainbridge, 2004)
Sl (river link slope) (5) S 100 m interpolated DEM (Smith and Brough, 2006)
Qbf (bank full discharge) (5) 2.5 Recurrence interval of Qbf based on hydrograph analysis (Wilkinson et al., 2009)
h (bank height) (5) S Function of catchment area and slope (Wilkinson et al., 2004)
ρs (soil bulk density) (5) 1.5 (Brough et al., 2006)
RipVeg (6) S Foliage projected cover N 12% (Karfs et al., 2009)
MaxVegEffectiveness (6) 0.95 (Wilkinson et al., 2009)
SoilErod (6) S =1 within mapped ﬂoodplain area (Brough et al., 2006), 0 elsewhere
Af (ﬂoodplain area) (7) S (Brough et al., 2006)
vp (settling velocity) (7) 0.0007 Stokes Law (Gerhart and Gross, 1985), assuming 30 μmmean particle size based on suspended
sediment analysis (not shown)
a Letters denote parameters which are S = spatially and T = temporally variable.
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4.1. Runoff
The largest annual discharges in the period occurred in 1990/91, and
2007/08, 2008/09 (Fig. 4). Periods of several drier than median years
occurred in early-1990s and mid 2000s. LRE ﬁlls short gaps in the ﬂow
record, and the LRE annual ﬂows were within 4% of the reported
gauge ﬂow. D-SedNet annual ﬂows were generally within 20% of
gauged ﬂow, with an exception being a run of several dry years during
the early-1990swhen annual ﬂowswere under-predicted by up to 85%.
The poor performance in dry yearsmay be the result of over-estimation
of water extraction volumes at Clare weir, since they were estimated
from licensed, rather than metered, volumes. Under-representation
of transmission losses at low ﬂow is another possible explanation,
although ﬂow in these years was not systematically under-estimated
elsewhere in the basin.
4.2. TSS Rating curve ﬁt
The sediment rating curve function between log-transformed
discharge and TSS concentration was y = 0.338x + 1.38, with an
Adjusted R-squared: 0.4133. The rating curve residuals were normally
distributed, with p b 0.0001 for the Shapiro–Wilk test. Almost all
observed concentrations were within an order of magnitude of the
regression (Fig. 5). To enable comparison of D-SedNet load estimates
with those derived by disaggregating mean-annual SedNet loads
using the rating curve, all concentrations predicted by the rating
curve were multiplied by the ratio of D-SedNet mean-annual
load (2.82 Mt/y) divided by the mean-annual rating curve load
(3.51 Mt/y), being 0.804.
4.3. Evaluation of annual loads and concentrations
Both D-SedNet load time-series and the rating curve predicted
less variability in load and ﬂow-weighted concentration betweenconsecutive years than was evident in the reference LRE estimates
(Fig. 6a). D-SedNet and the rating curve loadswere relativelymore sim-
ilar to each other than each was to LRE. For bothmodels, the largest rel-
ative errors occurred in years when LRE loads were smallest (Fig. 6b).
Both models also made large under-predictions of load in 1996/97 and
2007/08; while reference loads were larger in those years they were
preceded by drier periods. Despite these general similarities, D-SedNet
loads were within the LRE 80th percent conﬁdence interval for
9 years, relative to 4 years for the rating curve. D-SedNet loads and con-
centrationswere closer than the rating curve to observed loads and con-
centrations in 16 of the 22 years. The D-SedNet load estimates were
within 68% of LRE estimates for 50% of years, compared with 112% for
the scaled rating curve (Fig. 7). In several dry years D-SedNet had larger
over-prediction errors than the scaled rating curve, exceeding 1000% in
1991/92 and 1992/93, while the scaled rating curve had AREi b 800% in
all years. The relative errors in D-SedNet annual ﬂow-weighted con-
centrations were generally smaller for estimates based on D-SedNet
ﬂow than those based on observed ﬂow (not shown), and the former
was within LRE 80th percent conﬁdence interval for 11 years.
Across all years, D-SedNet had slightly higher RMSE and slightly
lower NSE performance metrics for annual load and ﬂow-weighted
concentration than the scaled rating curve (Table 2). However, these
differences were not signiﬁcant using a paired t-test (e.g., p-values
were N0.2). The scaled rating curve estimates of annual load and ﬂow-
weighted concentration were biased overall towards under-prediction,
while D-SedNet estimates were biased towards over-prediction
(Table 2). The RMSE for both the scaled rating curve and D-SedNet
annual load estimates weremore than 6 times larger than the CV in ref-
erence annual load estimates, which was 34% (Kuhnert et al., 2012).
However, for ﬂow-weighted concentration estimates the RMSEs of both
rating curve and D-SedNet were within than the uncertainties in the
LRE estimates. The errors forD-SedNet concentrationwere slightly higher
than for load, since the former was more signiﬁcantly affected by errors
in predicted ﬂow. After log-transformation, D-SedNet and rating curve
residuals against LRE were normally distributed (p b 0.0001), with
skewness b 2.
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Fig. 4. (a) Observed and predicted annual discharge timeseries at Inkerman. (b) Relative error in D-SedNet and LRE predicted discharge.
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within the range 200–600 mg L−1 and did not show strong correlation
with discharge (Fig. 8), which is attributed to the approximately direct
relationships between D-SedNet sediment supply from hillslopes,
gullies and streambanks with, respectively, daily rainfall, local runoff
and stream discharge (see Model development). Rating curve annual
loads and ﬂow-weighted concentrations were correlated with dis-
charge (Fig. 8), which is expected given the underlying relationship
between concentration and instantaneous discharge (Fig. 5). Both
D-SedNet and the rating curve under-predicted LRE loads and concen-
trations in almost all years between the 2nd and 8th deciles of annual
discharge during the modelling period, (Fig. 8). The relatively higher
LRE loads and concentrations in this range are supported by the load
estimates derived from linear interpolation of observed concentration.
In years with discharge above the 8th decile (1 in 5 year probability),
D-SedNet and rating curve load and concentration estimates were not
strongly biased relative to LRE estimates. D-SedNet over-estimated
loads and concentrations in the 3 driest years. The rating curve model
also over-estimated in these years, but to a lesser degree.Instantaneous Discharge (m3 s−1)
100
100 101 102 103 104 105
101
102
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(m
g L
−
1 )
Fig. 5.Observed TSS andﬂowdata for the Burdekin River at Inkerman, and theﬁtted rating
curve (dashed line).4.4. Evaluation of daily concentration estimates
Over the 522 days for which TSS concentration was measured at
Inkerman, LRE had the smallest errors relative to the measured values,
with median daily error of 53%, relative to 69% for the scaled rating
curve, and 70% for D-SedNet concentration (Fig. 7b). This is expected
as LRE was calibrated to the measured data. D-SedNet was more
prone to poor estimates than the rating curve. As at the annual time-
scale, D-SedNet error magnitudes in daily concentration tended to be
largest at smaller ﬂows, while errors were more consistent across
the range of ﬂow for rating curve and LRE estimates (data not shown).
Reﬂecting the occurrence of larger errors (Fig. 7b), the RMSE against
measured concentration was 104% for LRE, 141% for the scaled rating
curve, and 197% for D-SedNet (Table 3). The evaluation metrics are
not directly comparable between annual and daily time-scales due to
the daily evaluation data being limited to the wet season event condi-
tions. Absolute errors could not be calculated for D-SedNet for 12 days
in which D-SedNet ﬂow or load estimates were zero, and these days
were excluded from this analysis.
Given that most days of TSS measurement included only a single
observation, they may not be a good representation of the mean
daily concentration estimated by the models. To test sensitivity of
the above evaluation to sub-daily variation in TSS it was repeated in-
cluding only the 120 days deemed to have less than 20% uncertainty
in the estimated observed daily mean. Those days were identiﬁed as
having either (i) multiple measured concentrations within a factor of
1.2, or (ii) single concentration measurements within a factor of 1.2
of the concentrations on the preceding and following days. The rela-
tive differences in model performances were unchanged using this
reduced dataset.
5. Discussion
5.1. Model adequacy
D-SedNet is a conceptual process model that is more complex than
manyempiricalmodels, but simpler thanmanymechanistic and distrib-
utedmodels which have input data requirements that are technically or
ﬁnancially unattainable over large river basins or continents or multi-
year time periods (Van Rompaey et al., 2001), and which often require
calibration to reproduce observed behaviour. By predicting load time-
series, D-SedNet is more suited to investigate the impact of terrestrial
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version of SedNet (Box A vs. Box B; Fig. 1). Relative to disaggregating
mean-annual SedNet loads using a rating curve, D-SedNet also simu-
lates the effect of practice changes and their location not just in terms
of long-term mean-annual load but also the temporal distribution
of practice change effectiveness on loads, which will be sensitive to
whether practice changes occur upstream or downstream of a large
dam for example. In GBR river basins, this is an advance on previous
simulations, which have ignored temporal changes in cover (Cogle
et al., 2006), or spatial patterns of connectivity (Thorburn and
Wilkinson, in press). It must be acknowledged that time-stepping
models have larger computational costs than mean-annual models; D-
SedNet model run times were of the order of 1 h per decade modelled,
with an additional effort in calibrating predicted runoff.
We have tested the capability of D-SedNet to predict the temporal
variations in ﬁne sediment load. This modelling purpose differs from
those for which D-SedNet was originally conceived, being to reﬁne pre-
vious estimates ofmean-annual sediment and nutrient loads to theGBR,
and to estimate the effect of agricultural practice changes on mean-
annual loads (e.g.,McKergow et al., 2005b).While themodel, with asso-
ciated budgets of particulate and dissolved nutrients, is still being used0 20 40 60 80 100
Proportion of years %
100
101
102
103
104
A
R
E 
%
Rating curve scaled
D−SedNet
(a)
Fig. 7. (a) Absolute relative error in annual load relative to LRE, sorted from smallest to largest,
daily TSS concentration relative to observed, sorted from smallest to largest for LRE, the scaledfor these purposes (Carroll et al., 2012), application to predicting
time-series requires a separate evaluation. Despite the modelling pur-
pose being fundamental to designing an appropriate model structure
(Jakeman et al., 2006), such use of models for multiple purposes is not
uncommon given the effort associated with model development and
application.
On a performance basis, the choice between process-based models,
such as D-SedNet (Boxes A and B), and data-driven empirical models
calibrated to measured concentrations (Box C) depends on the calibra-
tion data available and sophistication, or customisation, of data-driven
models. We have demonstrated that where there is sufﬁcient data
to calibrate a sophisticated and customised model like LRE that
incorporates some dynamic representation of antecedent catchment
conditions, it is the preferred choice for reconstructing historical load
time-series. However, D-SedNet predicts load time-series relatively
independent of TSS monitoring data, merely requiring calibration of
TSS-runoff functions for any catchment in the modelled environment,
making it a preferred choice in basins with a paucity of monitoring
data. D-SedNet has comparable capacity for predicting annual and
daily load time-series to even a well-calibrated sediment rating curve-
based disaggregation of mean-annual load. D-SedNet could potentially0 20 40 60 80 100
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(b)
for the scaled rating curve and D-SedNet model predictions. (b) Absolute relative error in
rating curve, and D-SedNet.
Table 2
Nash–Sutcliffemodel efﬁciency, RMSE and bias in log-transformed predicted annual loads
and concentrations, relative to the LRE estimates.
Model Load Concentration
NSE RMSE Bias NSE RMSE Bias
(%) (%) (%) (%) (%) (%)
Rating curve as ﬁtted 85 166 −38 51 168 −1.7
Rating curve scaled 83 179 −124a 46 181 −5.6a
D-SedNet (D-SedNet ﬂow) 76 241 36b −29 394 6.9b
a,bDifferences between these values within a column are signiﬁcant at p b 0.05. Columns
without superscripts contained no signiﬁcant differences at p b 0.05.
Table 3
NSE, RMSE and bias in log-transformed predicted daily loads and concentrations, relative
to the measured values.
Model Load Concentration
NSE RMSE Bias NSE RMSE Bias
(%) (%) (%) (%) (%) (%)
LRE 93a 104a 2.6a 62a 104a 4.5a
Rating curve as ﬁtted 89a 137a 0.48b 44a 137a 0.83b
Rating curve scaled 89a 141a −1.9b 42a 141a −3.3b
D-SedNet (D-SedNet ﬂow) 83a 197a 2.5a 11a 197a 4.4a
a,bDifferences between these values within a column are signiﬁcant at p b 0.05. Columns
without superscripts contained no signiﬁcant differences at p b 0.05.
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data assimilation methods being preferable considering the uncertainty
in model parameters and monitoring-derived load estimates (e.g.,
Leisenring and Moradkhani, 2012). However, better understanding of
the limitations of the model structure and input data quality is a pre-
requisite, and these are discussed in Sections 5.2 and 5.3, respectively.
Our model evaluation indicates that D-SedNet provides comparable
performance at predicting load time-series to someother process-based
time-stepping models of sediment ﬂux (Box B, Fig. 1). For example,
AnnAGNPS returned NSE values in the range 53–64% for monthly TSS
load while SWAT returned NSE in the range 41–73% across four north
American watersheds which suit those models (Parajuli et al., 2009).
In the much larger Burdekin river basin with a more variable climate,10−3
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Fig. 8. (a) Annual TSS load vs annualﬂow. (b) Annualﬂow-weighted concentration plotted agai
between available TSS observations is also shown for years with sufﬁcient observations to calcD-SedNet returns NSE of 63% for monthly TSS. In comparison with the
previous sediment model in the E2 framework (Argent et al., 2009),
D-SedNet is less reliant on local water quality data, and better predicts
spatial patterns in supply and delivery through river systems. By
representing spatial variations in runoff using calibration to stream
gauge data, D-SedNet should provide more realistic predictions of spa-
tial variation across large predominantly non-arable basins thanmodels
based on the soil curve number approach (Shen et al., 2008).
5.2. Model limitations
The results indicate that there remain some important limitations in
the ability of D-SedNet to reproduce the temporal dynamics of sedimentLRE
Interpolation
Rating curve scaled
D−SedNet
Discharge deciles 2, 8
104 105
104 105
ge (GL y−1)
nst annual ﬂow. Load andﬂow-weightedmean concentration based on linear interpolation
ulate load (Kuhnert et al., 2012).
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loads are too well correlated with river ﬂow, and the large observed
loads in years following drought (e.g., 1996/97) are not well predicted
(Fig. 6). Consequently predicted concentration is more consistent be-
tween years than is observed. These D-SedNet dynamics are a modest
improvement relative to the rating curve model which embodies static
increases in concentration and loadwith river ﬂow, although the poorer
performance of D-SedNet in drought years resulted in higher RMSE
across all years (Tables 2, 3). TheD-SedNetmodel does represent several
potential causes of the temporal variability between years of compara-
ble runoff that can be expected to signiﬁcantly affect the temporal
patterns of load in large basins, including; (a) the temporal changes in
vegetation cover inﬂuence hillslope erosion rates; (b) interactions be-
tween spatial patterns in rainfall and sediment supply; e.g., if rainfall
in a given period is biased towards an area with intense erosion then
higher sediment supply is predicted than if the same volume of rainfall
falls elsewhere; and (c) the spatial location of sources relative to sedi-
ment sinks. This latter feature differentiates D-SedNet from many con-
ceptual and mechanistic models (e.g., Aksoy and Kavvas, 2005). There
are several processes not represented in D-SedNet which may improve
model performance but would require careful development and testing
considering the available data:
1. Changes in soil erodibility over time, which can be signiﬁcant, complex
and dependent on soil properties (Bryan, 2000). For example, soil
water dynamics can cause both increases and decreases in erodibility
within both wetting and drying cycles, within events and between
years.
2. Temporary ﬁne sediment storage in stream channels. For example,
large loads in years following drought may potentially be caused by
evacuation of sediment stored in previous dry years. Representing
temporary storage requires ﬁne-resolution data on channel hydrau-
lic conditions and sediment transport processes.
3. Spatial and temporal variations in hillslope sediment delivery ratio;
increases in the efﬁciency of hillslope sediment delivery can be
expected when or where ground cover is poor (Verstraeten et al.,
2007), and source to stream transit times are short (Lu et al., 2006).
For modelling across large river basins, empirical representation
of the emergent behaviour resulting from these processes collectively
may be the only tractable approach considering data availability. It is
clear from the results that good prediction of base-ﬂow TSS concentra-
tions within stream channels cannot be expected from a model
representing only the primary sources of event river loads.50 60 70 80 90 100
Basin mean image cover %
0.1
1
10
100
M
od
el
 / 
LR
E 
lo
ad
Rating curve scaled
D−SedNet
(a)
Fig. 9. (a) Relative error in log-transformed model annual load estimates plotted against river
sensing imagery used in D-SedNet modelling of hillslope erosion, as a function of the image c
hillslopes at Virginia Park Station, each 0.3–1 ha in area (Bartley et al., 2010). The regression line
sensing cover across the basin.5.3. Data limitations
The load under-prediction in years immediately following droughts
(Fig. 6) can be re-expressed as under-prediction in years with basin
mean cover b 85% (Fig. 9a), being a consequence of low rainfall in pre-
vious wet seasons. The only exception to this was in 1992/93 when
a very small load was over-predicted. Relative error in load was not
correlated with ﬂow, since over-prediction was common in years of
moderate but not extremely high or low discharges (Fig. 8). Therefore,
the b exponent in the gully and streambank supply algorithms can be
excluded as a cause of this model behaviour.
On investigation, we ﬁnd that the remote sensing cover product
used in D-SedNet to model hillslope sediment supply over-estimates
measured ground cover at a site in the Burdekin basin, particularly in
years of low cover (Fig. 9b). Similarly, a study in the neighbouring
Fitzroy basin found that the remote sensing product over-estimated
mean-annual cover by 10–30% (Dougall et al., 2009). We used an esti-
mate of the cover error to correct the annual cover imagery across the
basin, and recalculated the annual loads. Considering the range in
image error at the measurement site (Fig. 9b), and the potential for
error in vegetation remote sensing to be spatially variable between
soil and pasture types, we applied a cover correction of smaller magni-
tude than the error against measured cover (Fig. 9b). The outcome was
an improved comparison with LRE annual load estimates (Fig. 10). The
improvementwas particularly signiﬁcant in years of moderate and high
load,which are of primary interest for assessingwater pollution impacts
on receiving water biogeochemistry or ecology. In the 14 years with
observed load N 1 Mt the corrected loads had mean relative error of
−9%, relative to −39% for the baseline model results. This analysis
clearly identiﬁes vegetation cover as a priority for predicting sediment
loads in rangeland basins. The sensitivity of predicted loads to cover is
consistent with previous assessments that show a large potential for
reducing TSS loads to the GBR by increasing cover levels (Thorburn
and Wilkinson, in press).
Spatial patterns in load predicted bymean-annual SedNet have pre-
viously been found elsewhere to be generally robust (Hughes and
Croke, 2011;Wilkinson, 2008;Wilkinson et al., 2009). However, the ac-
curacy of predicted loads is directly related to the quality of model in-
puts (Kuhnert et al., 2010). Planned improvements in input data will
improve the predicted spatial patterns within the Burdekin basin.
In particular, a revised gully density grid should improve comparison
of SedNet results with sediment tracing data, which indicate that
the amount of sub-surface soil erosion is under-predicted (Wilkinson
et al., in press). The relationship between USLE cover factor and50 60 70 80 90 100
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particularly at very low cover levels where cover factor appears to be
under-estimated (Silburn et al., 2011). Such under-estimation would
be consistentwith sediment tracing resultswhich indicate that hillslope
rilling provides a large contribution to sediment loads in the Bowen
catchment within the basin (Hancock et al., in press).
Although our model errors indicate levels of uncertainty in the
Burdekin basin and similar environments only, we have mitigated sen-
sitivity to basin characteristics by focusing on the comparative perfor-
mances of D-SedNet and rating curve disaggregation. Conﬁdence in
model predictions would be improved by successful evaluation across
multiple basins, with a range of hydraulic, topographic or runoff condi-
tions (Hairsine and Sander, 2009). More statistically-robust estimates
of the uncertainty may be possible using Monte Carlo perturbation of
model inputs (Schaeﬂi et al., 2007), or Bayesian heirachical approaches
(Ajami et al., 2007).
6. Conclusions
The D-SedNet model has been developed as a daily time-stepping
version of the mean-annual SedNet spatially-distributed sediment bud-
get model, to predict time-series of ﬁne sediment load from non-point
sources in large river basins. The model represents sediment supply,
transport and deposition processes throughout river basins. From the
model evaluation it is concluded that D-SedNet can provide a similar
quality of daily and annual load estimates as a locally-calibrated sedi-
ment rating curve, butwithout requiring local water quality monitoring
for model calibration. When adequately parameterised, D-SedNet thus
provides some capacity to predict load time-series in basins without
water quality monitoring data, and to simulate sediment loads under
alternate land management scenarios. Load predictions at annual and
monthly time-scales are more accurate than at daily time-scales, indi-
cating poor representation of within-event variations in river discharge
and TSS concentration. The predicted sediment loads are sensitive to the
erosion estimates and related input data, including remote sensing data
on rangeland vegetation cover. Model predictive capacity may be im-
proved by investigating temporal changes in soil erodibility, hillslope
sediment delivery, and ﬁne sediment storage in stream channels.
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